Introduction
Across OECD countries, between 16 and 50% of working-age individuals are without employment, and a significant share of workers are in unstable jobs, or work intermittently or fewer hours than they would like . The factors contributing to joblessness or underemployment are varied and can relate to individual circumstances and characteristics, to specific policy choices, or to the broader economic context, such as a cyclical economic downturn. Good-quality information on the employment barriers that people are facing is crucial for formulating strategies to overcome them, and for assessing the effectiveness of existing policy measures aiming to strengthen labour-market outcomes. . It maps employment barriers in Australia and uses the information to identify distinct and policyrelevant groups of people with no, or with limited, labour-market attachment. A key motivation behind deriving policy-relevant clusters of jobless individuals is the finding from the literature on activation and employment-support policies (AESPs) that careful targeting and tailoring to individual circumstances are crucial factors for policy success. 1 The paper builds on and extends a method proposed by Fernandez et al. (2016) , who used European household microdata for measuring employment barriers and for dividing the heterogeneous population of people with potential labour-market difficulties into smaller sub-groups, each characterized by a unique profile of employment obstacles that calls for a different mix of activation and employment support policies. 2 Although employment obstacles can rarely be observed directly, it is possible to construct proxy indicators using the information provided in surveys. Fernandez et al. (2016) derived a series of quantitative measures of a broad range of labour-market obstacles, including "capability barriers" (e.g., skills, work experience, health, family responsibilities), "incentive barriers" (e.g., financial work incentives), and "opportunity barriers" (e.g., limited demand for workers in different regions or labour-market segments).
This paper provides background material for the report Connecting People with Jobs: Key Issues for Raising Labour Market Participation in Australia
To make scores in each of these domains directly usable as input into clustering analysis, they are typically converted into binary indicators as this simplifies the statistical model and facilitates the interpretation of the results. 3 However, the calculation of binary indicators involves the determination of cut-off points if the underlying variable is defined over a range of numerical values. As the choice of thresholds is essentially arbitrary, Fernandez et al. (2016) discretize the underlying variables using considerations rooted in the European policy dialogue, e.g. taking fixed proportions of the median in the overall population -an approach that is functionally equivalent to commonly used measures of "low" wage levels and of relative poverty. Using data for Australia, we instead propose a simple method for endogenously determining critical values for employment obstacles in a way that maximises the information content of the resulting indicators. The underlying idea is to find the values that, in a statistical sense, provide the best separation of groups with no or "weak" labour market attachment and those with stable and full-time employment.
An empirical application using the survey on Household, Income and Labour Dynamics in Australia (HILDA) shows that 18% of the working-age individuals in Australia have no labour market attachment whereas a further 5.5% has a "weak" labour market attachment. The employment barriers that are most common among these 24% of the working-age population are limited work experience, low skills and health limitations. Although financial disincentives, care responsibilities and scarce job opportunities are less widespread overall, they represented important barriers for some groups. A striking finding is that large shares of those with no or weak labour-market attachment face multiple simultaneous employment barriers: 29% face three or more significant barriers, highlighting the limits of policy approaches that focus on subsets of these barriers in isolation.
The rest of this paper is structured as follows. Section 2 describes how to adapt the methodology developed in Fernandez et al. (2016) to the HILDA data, and outlines a novel data-driven method for identifying (i) groups with "weak" labour market attachment, and (ii) those facing different types of employment obstacles of statistically meaningful magnitudes. Section 3 presents the resulting incidence of employment barriers and derives clusters of individuals with similar combinations barriers. Section 4 discusses implications of the empirical results in the context of recent policy initiatives and developments.
Extent and incidence of labour-market difficulties
This section determines potential target groups for activation and employment-support policies (Section 2.1), and then derives concrete measures of work-related capabilities, work incentives and job opportunities that can present employment obstacles at the individual level (Section 2.2). The empirical implementation employs the Household, Income and Labour Dynamics in Australia (HILDA) survey, drawing on the analysis by Fernandez et al. (2016) , who used data from the EU Survey of Income and Living Conditions (EU-SILC). 4 It utilises the rich information on individuals' labour-market situation during different points of the year, together with rich data on individuals' family and other socio-economic circumstances.
Potential target group for activation and employment-support policies
Individuals with labour market difficulties frequently move between non-employment and different states of precarious employment. As a result, limiting attention to snapshots of non-employed (or underemployed) individuals at a specific point in time, such as those based on labour force surveys, may not capture the true size of the population with labour market difficulties and a need for policy intervention. It is therefore useful to consider a longer reference period, and to determine "weak" labour market attachment in relation to the activity patterns during this period. The reference period employed in this paper is the period starting in July 2013 and ending in June 2014.
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To cover the potential scope of activation and employment-support policies (AESPs), one may focus on working-age individuals who are persistently out of work throughout the reference period (i.e. those who have been either unemployed or economically inactive), plus individuals whose labour market attachment is "weak", in the sense that their work intensity is significantly below somebody with full-year full-time employment. We define low work intensity to include individuals with unstable jobs, who either work only sporadically during the year (i.e., less than a fraction y of full-year employment), and those who have restricted working hours (i.e., working less than a fraction h of full-time hours per week). Combining these two dimensions of partial employment, one can define a criterion of low work intensity, where total annual working hours during the year are below a certain fraction x = y • h of potential full-time, full-year working hours. The empirical problem is then to solve for a threshold x that results in a meaningful overall target group given the employment patterns and labour-market context in Australia. 4 See Wilkins (2016) and (Eurostat, 2017) for details on the HILDA and EU-SILC surveys.
5 HILDA provides information on the main economic activity during each month of the past fiscal year, which in Australia starts on the 1 st of July and ends on the 30 th of June. Although, in principle, the survey longitudinal structure allows covering a longer reference period, the use of a 12-month period makes results comparable with other international income surveys, where the information on past activities do not typically go beyond the past fiscal year (e.g. the SILC for EU countries).
6 Following Fernandez et al. (2016) , we also include in the group of low-intensity workers individuals with near-zero earnings. These are people reporting significant work activity during the income reference period but zero or near-zero monthly earnings of less than the first percentile of the earnings distribution. In addition to possible classification error, the very low reported earnings could signal potential labour market difficulties, such as underpayment and/or informal activities.
The rationale for including people with low work intensity as a potential target group for activation and employment-support policies is a conjecture that their barriers for full employment, and therefore their need for policy support, show meaningful similarities with the population of jobless individuals.
7 Consistent with this conjecture, we empirically identify a threshold x that maximizes similarities between low-work-intensity individuals (Group B) and those who are persistently out of work (Group A). In practice, the degree of similarity between these two groups is assessed in terms of a vector = [ 1 , 2 , 3 ] of variables collecting information on own work-related capabilities 1 (e.g. skills, care responsibilities, health status), work incentives 2 and job opportunities 3 . These variables are the same as those used later for measuring employment barriers (Section 2.2). 8 We employ a simple three-step procedure to derive a metric that summarises differences in these multiple employment-barrier domains into a single index of statistical distance. First, we define a space of J broadly reasonable criteria xi of low work intensity to search over. We select J = 4 discrete full-time equivalent (FTE) thresholds of 6 months per year (i.e., x1 = ½), 4 months (x2 = ⅓), 3 months (x3 = ¼), and 2 months (x4 = 1 /6). Each threshold results in an associated group Bi, whose size and composition is of course determined by the threshold, with lower thresholds resulting in smaller groups that can also be expected to be successively more similar to the persistently jobless who do not work during the entire year.
For each group, we then estimate an average probability of persistent joblessness (i.e., of membership in Group A), conditioning on vector v. In line with the above consideration, this probability is expected to be greater for lower thresholds x. Finally, and since a choice based only on the resulting probabilities would result in a trivial solution of the smallest threshold, we formulate a choice function that accounts for the trade-off between two conflicting objectives: (i) maximizing the similarities of the two groups, and (ii) According to HILDA data, and in contrast to findings for some European countries reported in Fernandez et al. (2016) , the group with near-zero earnings is, however, small in Australia (see Figure 3) . 7 This paper does not attempt to distinguish between voluntary and involuntary joblessness or reduced work intensity. Our approach is descriptive in this respect and takes no position on whether policy intervention is justified for specific groups. The aim is to describe an empirical strategy to identify the most common combinations of employment barriers of a broad group with potential labour market difficulties. The distinctions between voluntary and involuntary aspects may not be ideal also from a policy perspective. For instance, those saying they do not want employment, or prefer to work part-time, may do so as a result of employment barriers they face, such as care obligations or weak financial incentives, which policy might seek to address. Moreover, if extended voluntary labour-market inactivity or underemployment creates or exacerbate certain types of employment barriers, it may subsequently give rise to involuntary labour-market detachment or partial employment in later periods. 8 This method allow selecting those with 'some' labour market attachment who have similar employment obstacles to those without any labour market attachment. Without this step, potentially any person without full-time employment could be part of Group B. This is not ideal from a policy perspective and can also create problems when trying to identify population groups with homogenous employment obstacles. In general, one can expect that the higher the intensity of employment obstacles, as measured by vector , the lower the probability of labour market attachment. If so, it is possible to identify a certain level of employment obstacles beyond which individuals with 'little' labour market attachment become statistically similar to those without any labour market attachment. maintaining a statistically meaningful sample size of Group B. Formally, the choice function (CF) is:
Where Pr (Group A |Group B = 1, ) is the estimated score of a logistic regression for the probability of persistent joblessness, conditioning on vector and membership to group Bi. 9 is the number of individuals in group Bj, and 1(i = Group A) is the indicator function that takes value 1 if individual is in Group A (no labour market attachment), and zero otherwise. The numerator is the average estimated probability of Group A membership for individuals in group B , while the denominator is the share of individuals in the total target population who are persistently out-of-work.
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Figure 2.1 displays densities of estimated probabilities of Group A membership of individuals of the different Groups Bj. Inspection of the distribution modes (0.2, 0.35, 0.5 and 0.55, respectively) confirms the intuition that lower work-intensity thresholds maximise probabilities and, hence, minimise differences between Groups B and A. However, Table 2 .1 shows that the choice function is maximised for threshold x3 = 0.25.
Accordingly, in the analysis that follows, the target group is composed of working-age Australians (ages 18-64) with potential labour-market difficulties as follows:
11, 12 those who do not work at all during the year, as well as those who are gainfully employed for less than 25% of full-time full-year hours, based on the employment calendar information in HILDA and the working hours reported at the time of the interview. 9 Vector includes the same variables used later for measuring employment barriers (Section 2.2). Table B .1 in Annex B provides information on the estimated coefficients for the four selected thresholds (6 months of work per year, 4 months, 3 months, and 2 months). Low-work intensity individuals, using different "low intensity" thresholds.
Note: Predicted probabilities from a discrete choice model with logistic distribution. The dependent variable is equal to one for individuals who are persistently out of work during the entire year (Group A), and zero for individuals with low-work intensity, using alternative full-time equivalent thresholds of 6 months per year (Group B1), 4 months (Group B2), 3 months (Group B3), and 2 months (Group B4). Annex B provides information on the estimated coefficients for the four groups ( The long-term decline in the target population was driven by a combination of falling labour-market inactivity and a reduction in the number of workers employed for less than 3 months during the year, or less than 10 hours a week. The more recent increase in the share of the target population can be attributed to the growth of the share of the persistently out-of-work group (consistent with the known decline in the employment rate and the increase in the unemployment rate following the GFC and the commodity price crisis, see also . The most common status among the out-of-work population was inactivity because of domestic tasks (30% of the target population), followed by 16% who reported that they were retired and another 15% who declared being unfit to work. Only a comparatively small minority (8.6% of the target population) was unemployed (i.e., out of work, available for work, and actively looking for a job). The majority of individuals with low work intensity worked part-time throughout the year (10.3% of the target population), reflecting also the comparatively high and increasing share of part-time workers in the Australian workforce. 8% spent part of the year out of employment (unstable jobs, 9%) and 3.6% reported working throughout the year but with no or near-zero earnings. 
Employment barriers
Individuals with no or weak labour-market attachment often face a number of employment barriers that prevent them from fully engaging in the labour market. Although these barriers cannot be measured directly, proxy indicators can be developed using the information provided in surveys like HILDA. Following Immervoll and Scarpetta (2012) , employment obstacles can be categorised into three broad groups: (i) insufficient work-related capabilities, (ii) lack of incentives, and (iii) scarce job opportunities. HILDA allows calculating measures of work-related capabilities (e.g. skills levels, childcare needs, health status), financial work incentives (e.g. proxies of the "substitution" and "income" effects described in economics textbooks), and job opportunities using information on labourmarket slack in different regions and labour-market segments. Table 2 .2 describes how to calculate these measures in the HILDA survey as well as the steps for deriving the resulting employment-barrier indicators.
Equivalent to the earlier problem of finding a suitable threshold for classifying employment as "low-intensity", calculating a binary employment barrier indicator from the underlying measure requires setting a cut-off point. 13 The remainder of this section proposes an approach to identify these cut-offs in the Australian context, utilising the rich information on individual characteristics contained in the microdata. 
Measure
Barrier Work-related capabilities Education and skills (i) the highest educational attainment (7 categories), and (ii) the professional skill level based on the current or last occupation (8 broad groups, ANZSCO-06 classification system).
If an individual reports low education or low professional skills. Individuals with a tertiary degree are assumed not to face this employment barrier even if their most recent job was low-skilled.
Health
(i) degree of limitation in work-related activities as a result of physical and mental health conditions (from "no limitations" to "full incapacity" in 10 discrete categories), and (ii) mental health status (based on the SF-36 Health Survey, from "poor" to "good" on a scale between 0 and 10).
If an individual reports limitations in their work-related activities as a result of significant health problems or if they have a poor mental health score.
Care responsibilities
(i) the hours of care per week, and (ii) the number of "potential" caregivers in the household. Potential caregivers are family members aged 18-75 with no severe health-related limitations who are either unemployed, economically inactive or part-time workers working less than 30 hours per week.
If an individual has a family member who requires care, and if they are either the only potential care giver in the household, or the only person who is inactive or working part time because of care responsibilities. Family members requiring care are: children under the age of 12 who do not receive enough hours of non-parental childcare a week; adults above 65 reporting severe health limitations; working-age adults who are persistently out-of-work due to a permanent disability and report severe health limitations in their activities.
Work experience
Years spent in paid work relative to potential work experience. Potential experience is defined as the total time an individual could have spent in employment, based on age and the average time needed to achieve the highest educational achievement they report in the survey
The indicator takes one of two values: 1 for those who have no past work experience at all, 2 for those who have some work experience but this is low compared to potential experience.
Financial work incentives

Earningsreplacements
Amount of means-tested, out-of-work benefits defined as a percentage of potential earnings. Potential earnings are estimated with a regression model corrected for endogenous sample selection. The explanatory variables are: age, age squared, education, gender and area of residence.
If the amount of means-tested, out-of-work benefits are high with respect to the individual's estimated potential earnings. For underemployed individuals actual earnings are netted out from the potential earnings.
Non-labour income
The part of household income that is unrelated to own work effort. This is calculated as the household financial year regular income minus labour income and means-tested benefits. The resulting nonlabour income is divided by the "modified OECD" equivalence scale If the household's income excluding that relating to the work efforts of the individual in question, adjusted for household size, is high compared to the median value in the working-age population. Individual incomes that are subtracted from the household income are own earnings and earnings-replacement benefits.
Job opportunities Job opportunities
The risk of being unemployed for more than 7 months in the own labour-market segment, despite active job search and willingness to take up employment immediately. This risk is calculated with a regression model controlling for age, education, gender, nationality and region of residence.
If an individual has a high risk of not finding a job despite active job-search and willingness to take up employment.
Note: Based on Fernandez et al. (2016) , see there for a detailed presentation of the methodology for deriving each measure. The mean-tested benefits considered as earnings replacements in Australia are: service pension, wife pension and widow allowance, carer allowance, youth allowance, parenting payment, pensions/benefits from overseas governments, seniors supplement, disability support pension, war widows pension, sickness allowance or special benefit, other government pensions/allowances, Newstart allowance, disability pension, partner allowance, Austudy / Abstudy, paid parental leave, double orphan pension, community development employment project, age pension (for individuals on early retirement), family tax benefits, other non-income support payments, other allowances. According to the ANZSCO-06 classification system, low-skill occupations are "cleaners and laundry workers", "construction and mining labourers", "farm, forestry and garden workers", "food preparation assistants" and "other labourers". According to the HILDA documentation, mental health conditions that can affect work-related activities are essentially two: i) "A nervous or emotional condition which requires treatment" and ii) "Any mental illness requiring help or supervision". The SP-36 mental health score covers instead a broader range of mental health conditions, e.g. tiredness, nervousness, exhaustion and depression, which could also affect work-related capabilities as well as the chance to find a job.
Several of the measures in Table 2 .2 are categorical (e.g. health limitations) while others are defined over continuous values (e.g. earnings-replacement benefits). In their application using data for EU countries, Fernandez et al. (2016) apply thresholds that are either common in European policy work (e.g. less than an upper-secondary degree for individuals with "low" education), or are based on specific empirical considerations (e.g. studying the distribution of the underlying measure in the working-age population and considering fixed proportions from the median). By contrast, this paper explores the possibility of using a data-driven approach to determine critical values for employment obstacles. Starting from the conjecture that the employment-barrier indicators are indeed relevant for people's employment outcomes, the approach consists in choosing values that maximise the explanatory power of the resulting indicators for identifying working-age individuals with labour market difficulties.
The method we use for determining barrier thresholds is related and consistent with the ones used to identify the group with "low work intensity" (see Section 2.1), identifying optimal threshold values by exploiting the information content of vector v and searching for "optimal" values that maximise the differences between two population groups.
14 Figure 2 .4 shows a range of possible critical values for each measure described in Table  2 .2, along with the corresponding goodness-of-fit index in the vertical axis and the "optimal" threshold (the horizontal dotted line) identified using the procedure outlined 14 In practice, the method is based on the following steps: i) identify a group with "good" employment (i.e., those outside the "target" group of jobless and low-work intensity workers used in this paper); ii) specify a space of N potential critical values for each measure included in vector , as defined in Table 2 .2, and calculate the N related binary employment barrier indicators, e.g. | = 1( > ) where is one of the N potential critical values for indicator and 1( ) is a function that is equal to one when the argument is true and zero otherwise. iii) Estimate N probability models of becoming part of the target population (as defined above) for those with a "good" quality employment, while conditioning on = [ ≠ | | ] with = 1, . . , . This means estimating the same model N times using as explanatory variables all the measures included in vector (Table B. 2 shows the baseline regression) except for the measure of interest, e.g. vi, which enters each model run as a (different) binary indicator depending on the selected critical value. iv) Select as the "optimal" threshold the value that maximises the model's explanatory power, which is summarised in an index based on standard goodness-of-fit measures. The selected measures are the Adjusted R², the McKelvey & Zavoina's R², the Akaike and the Bayesian information criteria. As these measures can lead to different "optimal" choices, we first standardise these measures and then use their average to identify the optimal threshold.
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above. 15, 16 Results show that Australians with insufficient work related capabilities have often one (or more) of the following barriers:
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• less than an upper-secondary degree;
• a mental health score below 4.8 in a scale between 0 ("poor") and 10 ("good");
• a degree of health-related limitations in work-related activities of at least 5, in a scale from 0 (no limitations) to 10 (full incapacity);
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• childcare responsibilities during more than 30 hours per week;
• actual total work experience amounting to less than 60% of potential work experience given the person's age and schooling; • "low" financial work incentives, with earnings replacement benefits amounting to at least 50% of their potential gross earnings and / or with access to substantial income that does not depend in their own work effort (equivalent household income 15 For some indicators, the method outlined above requires to restrict the estimation sample to meaningful sub-groups. Consider the earnings replacements indicator (Table 2 .2). As the majority of benefit recipients are actually part of the target population, a binary indicator based on a very low threshold, which would identify nearly all benefit recipients, would have a strong predictive power. Similarly, higher thresholds would identify smaller groups of benefit recipients in the target population and the resulting indicator would lose explanatory power. As a result, the algorithm will select eventually an indicator with a very low threshold, as this maximises the model's predictive power. This effect disappears if the estimation sample includes only individuals with strictly positive entitlements. In this case, those with low entitlements will be more likely to be out of the target population and the model's predictive power will therefore increase with the threshold values, at least up to the point where the group with "high" earnings replacement benefits becomes too small and loses statistical significance. The notes to Figure 4 specify the reference estimation sample for each indicator. Annex B provides more information on the regression models. 16 The range of potential critical values shown in Figure 2 .4 depends on the type of indicator. For the two categorical measures, i.e. the educational attainment and the degree of health limitation in work-related activities, the range covers all categories except the first one: the last stage of tertiary education (PhD degree and professional Doctorate) and the 'no health limitations' category for the health variable. As for the continuous measures, Figure 2 .4 includes any meaningful potential thresholds such that the number of units that are above or below the selected threshold is higher than 50 individuals in both groups identified by the dependent variable. The group size of are above and below the selected threshold has an impact on procedure described in the text. When one of the groups becomes too small the standard error of the estimated coefficient of the related employment barrier indicator becomes large, and the coefficient insignificant. As a result, the variable loses predictive power (if any) and thereby contributes less and less to the goodness-of-fit index, which implies that the lines shown in Figure 2 .4 first decrease and then become flat.
17 Table B .4 provides more information on the employment barrier indicators, including the standard errors of the related coefficients. The table provides information also on the distribution of the underlying measures used to derive the final indicators. 18 The barrier for health-related limitations in work-related activities includes both physical and mental health limitation, and therefore partially overlaps with the "poor" mental health barrier. However, the SP-36 mental health score covers a broader range of mental-health indicators, which can also affect work-related capabilities (see notes to Table 2 .2 for details). A confirmation of this is the limited overlap between the two health-related employment barrier indicators: only 28% of the working age population with "poor" mental health declare health limitations in work-related activities. Also, among the group with health-related obstacles (as defined in Table 2 .2), about 48% have both physical limitations in work-related activities and a "poor" mental health score but do not report any work-related limitation due to mental conditions. of at least AUD 45 586, 1.55 times the median value in the working-age population); • "scarce" job opportunities with a standardised risk of not finding a job in the own labour market segment higher than 1.
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Figure 2.4. Identifying statistically optimal cut-off values for employment-barrier indicators
Goodness-of-fit index for alternative threshold values. 19 The risk of scarce job opportunities is calculated using a probability model ("probit") that estimate the probability of not finding a job controlling for a series of observable characteristics (see Table  2 .2). The risk of scarce job opportunities is the standardised value of the predicted probabilities in the working-age population. This risk has zero mean and unit variance in the working age population; it ranges between -.1.4 and 1.4 with a median of -0.18 (see also Table B. 3). Note: see Table 2 .2 for details on the underling employment barrier indicators. The estimation sample has been restricted for the following indicators: "high" care responsibilities (sample: mothers with children under 12), "high" earnings replacements (sample: individuals with positive earnings replacements), "high" non-labour income (sample: individuals with positive amounts of non-labour income); "limited" work experience (individuals with positive work experience but with less years of work experience than the years of potential experience). Education level "Grade 11 or below" corresponds to lower secondary or below, "Grade 12" to general upper secondary, "Certificate III or IV" to vocational upper secondary or vocational post-secondary non-tertiary, "Diploma or advanced diploma" to short-cycle tertiary, "Bachelor or honours degree" and "Graduate diploma or certificate" to bachelor's or equivalent. Source: Authors' calculations based on HILDA 2014.
Faces of Joblessness in Australia
This section uses the indicators defined above to examine the incidence of employment barriers. Employment barriers are significantly more common among the jobless and lowintensity workers (the "target population") than in the working-age population as a whole (Figure 3 .1), indicating that they have explanatory power and are indeed reasonably well associated with employment outcomes. "Low recent work experience", "lack of skills" and "health limitations" are the most frequent barriers (43%, 38% and 35% of the target population, respectively) whereas "scarce job opportunities" and "high earningsreplacement benefits" are much less common (13% and 9%). "High levels of non-labour income" is the only employment barrier whose incidence is higher in the working-age population, e.g., because those with strong labour-market attachment may be more likely to have a high-earning spouse as a result of selection effects in the family formation process ("assortative mating"). A notable finding is that only 28% of individuals in the target population face just a single employment barrier whereas about one third face two simultaneous barriers, and another third face three barriers or more (Figure 3 .2). Less than 10% do not face any of the employment barriers assessed here. For this group, the employment-barrier indicators are either below the respective thresholds used in this report, or their limited labour-market attachment is indeed unrelated to the barriers discussed here: they may have a strong preference for leisure, or they experience other barriers that reduce the likelihood of employment but cannot be captured in the present analysis. 
Target groups for activation and employment-support policies
The employment-barrier indicators can be used in conjunction with a statistical segmentation method (Latent Class Analysis, LCA) to reveal (unobserved, "latent") groups in the target population of jobless and underemployed individuals that are meaningful for designing, tailoring and targeting activation and employment support policies. 20 The objective is to obtain groups (or "classes") of individuals with combinations of employment barriers that are as similar as possible within groups, and as different as possible between groups. 21 20 LCA exploits the interrelations of an array of indicators through a fully-specified (i.e. parametric) statistical model that organizes a sample of individuals into homogeneous and separated groups. See e.g. (Goodman, 1974) and (Henry, 2006) . This paper adapts to Australian data the LCA model described in Fernandez et al. (2016) . 21 The analysis of employment obstacles based on LCA is different from a traditional regression analysis. Regression models would, e.g., show how each barrier in isolation affects the risk of facing potential labour market difficulties while holding all other barriers constant. By contrast, the LCAbased segmentation approach uncovers interrelations between employment barriers and how they jointly determine observed labour-market outcomes. The focus on joint patterns of employment barriers is relevant as the success of activation policies typically depends on their ability to address real-world combinations of different labour-market obstacles.
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The segmentation method suggests that the population of individuals with no or weak labour market attachment can be separated into seven distinct groups (see Annex B and Figure 3. 3). Below, we report results for each group using Venn diagrams illustrating the incidence and the three most common employment barriers, and the degree of overlap between them. A short summary reports other selected individual and household characteristics to describe group members in more detail. This information can help attach labels ("faces") to group members, although labels are necessarily arbitrary to some extent and cannot substitute for careful examination of the comprehensive list of employment barriers and socio-economic characteristics. Results on the full set of characteristics are in Table A .2.
Group 1: "Older women with low education levels, limited work experience or health limitations"
Group 1 represents 25% of the target population and consists largely of prime-age women (68% of members are female, average age 49 years) who are labour-market inactive (94%). The majority have low education or skills (66%) and limited work experience compared to their potential (67%). About 58% suffer from some long-standing physical or mental health limitations, with 29% reporting poor mental health and 20% a severe physical or mental impediment for work. 44% receive sickness and disability benefits and 10% receive unemployment benefits. Individuals in this group face an average of 2.2 employment barriers, the third-highest level of all groups (Figure 3.3) . The average equivalised household income is relatively low (AUD 37 040 per year on average in comparison to an average of AUD 60 664 in the working age population), with more than half of this group living in households in the bottom quintile of the income distribution, and the risk of poverty is the second highest (55%) of all groups. Note: 1. Surface areas in the diagram are proportional to the number of members facing the related barrier ("Proportional Venn Diagrams"). The outer square represents the group size (100%). The diagram shows the three most prevalent barriers in the group and is based on the indicators discussed in Table 2 .1. 2. Characteristics that distinguish this group from other groups, i.e., categories that have a high probability of occurring in the group. Source: Calculations based on HILDA 2014, see Table A.1and Table A .2 for full results.
Group 2: "Early retirees with significant work experience but poor health"
The second group accounts for 20% of the target population, and generally consists of older men (the average age is 56, 75% are aged 55-64 years) with considerable paid work experience (31 years on average, the highest of the seven groups). More than half suffer from a long-standing physical or mental health limitation, and 27% receive sickness and disability benefits and 10% receive unemployment benefits. The majority are labour market inactive (83% during the reference period) with 39% reporting their activity status as "retired" and 21% as "unable to work" because of sickness or disability at the time of the interview. Compared to other groups, individuals in this group are less likely to face multiple simultaneous employment barriers (see Figure 3. 3). 
Group 3: "Mothers with care responsibilities"
The third group, which accounts for 13% of the target population, almost entirely consists of prime age (the average age is 34, 95% are aged 25-54) women (96%) with young children who have a partner. These families have on average two children and the average age of the youngest child is two. In the vast majority of cases the partner works (86%), meaning that care responsibilities fall on members of this group as they receive only little non-parental childcare (the average is 12 hours per week, the lowest of all groups with children). 84% of individuals in this group were labour market inactive throughout the reference period and 75% were still inactive at the moment of the HILDA interview (while 10% were unemployed). Long periods of inactivity also help to explain why over a third (36%) of individuals in this group has low overall work experience relative to their potential. This happens despite the high education level characterising this group, with an average of 14.5 years of schooling (the highest of all groups) and 68% of members having completed an advanced diploma or a graduate degree. The other common employment barrier characterising this group is weak work incentives resulting from high levels of household income that are not related to their own work effort (34% of members). 
Group 4: "Underemployed workers with weak financial work incentives"
Group 4 represents 12% of the target population and it is the only group, where the majority of individuals are "underemployment" (83%), as opposed to inactive or unemployed (17%). Individuals in this group are also mostly prime age (average age 40) women (66%). About half of the members worked throughout the reference period for 10 hours per week or less and another 23% worked for no more than three months during the same period. Another 20% reported work activity throughout the reference period but declared zero or near zero earnings; of this 35% were self-employed who mainly declared zero earnings throughout the year, while 64% were part-time employees who reported some positive, but low earnings. Only 20% of the part-time employees in this group reported being "involuntary part time". Of the others, 53% wanted to work part time (27% because they prefer working part-time, 11% because they like their job, and 15% due to education) while 17% had care responsibilities and 7% a long-standing illness or disability. Many individuals in this group face weak financial incentives to work: 74% live in households where at least one other person has employment earnings (the second-highest percentage of all groups) and for 60% of members the level of household income that is not related to own work effort is particularly high (i.e. more than AUD 45 586 per year; Table A .2).
Box 3.4. "Underemployed workers with weak financial work incentives"
Main employment barriers
Selected characteristics % of the Target Pop. 40 years old (average) Mostly women Some work activity during the reference period 20 years of paid work (average) 13.4 years of schooling (average) Average equivalised disposable household income: AUD 54,729 per year 1.1 simultaneous employment obstacles (average)
Group 5: "Long-term unemployed with limited work experience and low education"
Representing 12% of the target population, group 5 consists largely of younger individuals (average age 31) facing scarce job opportunities (80%): many have been actively seeking employment for more than a year, with an average unemployment spell of 16 months. The majority (57%) were unemployed at the moment of the interview while 40% were labour market inactive. 46% received unemployment benefits during the income reference period. As a result of this long period out of work, the majority (55%) have limited work experience relative to their potential. Half also have low education or skills whereas a significant number (39%) reported a long-standing physical or mental health limitation (the average mental health score is the second-lowest of all groups, with 26% having a score which is lower than 6). Compared to other groups, individuals in this group are more likely to face multiple simultaneous employment barriers (Figure 3.3) . The average equivalised household income is the second lowest of the seven groups and the risk of poverty is high (53%). 
Group 6: "Older women in higher-income households with limited work experience"
Accounting for 11% of the target population, Group 6 mainly consisting of older women (average age 50) who are largely labour market inactive (87%). Although all members have worked in the past with an average of 16 years of paid work experience, for 68% of them this is short relative to their potential experience. 72% share the household with an employed adult (the partner in most cases) and most of them (66%) have relatively weak work incentives due to high levels of household income (mostly the partner's earnings) that is not related to their own work effort. The (equivalised) household income is the highest among all seven groups, at AUD 66 680 per year on average. 46% report their activity status as "house work", 21% as "retired" and 16% as inactive due to "other reasons". About one third has low education or skills. The number of average simultaneous employment barriers is 1.8 on average (Figure 3.3 
Group 7: "Younger mothers with multiple employment obstacles"
Group 7 represents 7% of the target population and consists of younger (33 years on average) women (97%) with children (98%, two children on average). 17% of group members belong to an Indigenous population. The majority were labour-market inactive throughout the reference period (89%), with 71% reporting "house work" as their main activity. Family circumstances are not uniform within the group, however, with 44% in a partnership and one third reporting being lone parents (and the remaining 20 percent consisting mainly of multifamily households). Their children are of pre-school age (the youngest is 3 years old on average) and 63% of the women in this group face significant care responsibilities without access to other potential care givers in the household. Although almost all members receive income support in the form of family benefits (95%), 56% are at risk of poverty, the highest proportion of all groups. Benefits tend to be meanstested and can weaken the incentives to look for employment or take up work: for 60% of individuals the earnings-replacement benefits are high relative to potential earnings in work. The average years of schooling (11.9 years) are the lowest of all seven groups, and 66% have low education. One in three suffer from long-standing physical or mental health issues and the mental-health score is particularly low (less than 6 out of 10) for more than one fourth of them. The average number of simultaneous employment barriers is 3.4.
Box 3.7. "Younger mothers with multiple employment obstacles"
Main employment barriers
Selected characteristics % of the Target Pop. 33 years old (average) Women with young children 17% belong to an Indigenous population group Labour market inactive 11.9 years of schooling (average) 6 years of paid work experience (average) Average equivalised disposable household income: AUD 29 920 per year At risk of poverty 3.4 simultaneous employment obstacles (average) In most groups a majority face multiple simultaneous employment barriers (Figure 3.3) . This result means that addressing only one of those obstacles might not be enough to boost employment levels significantly. For instance, Group 7 ("Younger mothers with multiple employment obstacles") shows the highest number of simultaneous barriers, with over three quarters of group members facing three or more barriers. The majority of Group 5 ("Long-term unemployed with limited work experience and low education") also face three or more simultaneous obstacles. Only two of the groups mostly face only a single employment barrier: Group 1 ("Women with low education levels, limited work experience or health limitations"), and Group 4 ("Underemployed workers with weak financial work incentives"). 
Discussion and implications for the policy debate
The literature on activation and social protection systems more generally, commonly emphasises targeting and tailoring of policy interventions to individual circumstances as crucial factors for policy success. Yet, relatively little is known about what these individual circumstances look like or how they may translate into employment barriers that policies aim to address. Policy discussions do not necessarily reflect this. They commonly refer to proxy grouping, such as "young people", "older workers", "benefit recipients" or "mothers". An implicit assumption is that these groupings are useful for describing different sets of employment barriers that may inform policy design and implementation. But if members of the same proxy groups face in fact quite different sets of employment barriers, then policy interventions targeted on the basis of age, benefit receipt or family situation alone may be ill-adapted to the needs of jobless individuals. In some cases, proxy labels may even distract attention from the specific employment obstacles that policies seek to address, and suitable policy responses and priorities may require more granular descriptions of labour-market groups.
One notable inference from the results reported in this paper is that proxy groupings, which are commonly referred to in the policy debate, such as "mothers" are indeed far from homogeneous. For instance, the results point to two separate groups of mothers with children (Groups 3 and 7) with very different patterns of both employment obstacles, and individual / household circumstances. While childcare support is important for both groups, the "younger mothers with multiple employment obstacles" (Group 7) will also require additional and coordinated measures to address skills deficits and strengthen work incentives.
Results also point to two groups of older women (Groups 1 and 6). "Women with low education levels, limited work experience or health limitations" (Group 1) face a number of problems that may be additive. In particular, they have much lower education and workrelated skills than the group of "Older women in higher-income households with limited work experience" (Group 6). Unlike Group 1, Group 6 can typically draw on financial resources that do not depend on their own work effort. Many women in Group 1 have severe health limitations, signalling the need for policy measures support the active participation of people with disabilities.
Groups 1 and 6 are older than the group of younger mothers (Groups 3 and 7) discussed above and their employment barriers are different too. For instance, fewer care responsibilities for the older women in Groups 1 and 6 are not surprising. In principle, the groups of younger and older mothers could nevertheless be linked to the extent that they represent different life-cycle stages for women experiencing labour-market difficulties around the time of family formation. For instance, care responsibilities and other barrier at younger ages may drive the outcomes observed around 15 years later if employment difficulties around the time of family formation have scarring effects. Further work would be needed to empirically verify this conjecture. If confirmed, such a pattern would underline the important role of effective employment-support policies during the earlier stages of adulthood.
Two groups of people reporting poor health, including Group 1 discussed above, as well as the "experienced early retirees with health limitations" (Group 2) may both benefit from flexible working arrangements or activation measures tailored to individuals with health problems. The majority of Group 6 are older individuals with some work experience, who are, however, generally subject to less demanding activation requirements than younger Australians (OECD, 2012).
A substantial share of jobless youth are "long-term unemployed with limited work experience and low education" (Group 5). Scarce job opportunities and low education are key barriers in this group and the two are likely linked given generally lower demand for low-skilled workers. In view of the young age of this group, targeted policies aiming to improve employment-relevant skills of disadvantaged youth appear especially important. For instance, for many disengaged youth an exclusive focus on education may not necessarily be the best way forward, as the multiple barriers in this group suggest that improve work readiness must be part of a reintegration strategy.
The "underemployed workers with weak financial work incentives" (Group 4) had some work activity during the year and 70% report holding a "casual job" (Table A. 2), an employment contract offering less protection against dismissal than regular open-ended or fixed-term contracts. Their profile is, however, relatively heterogeneous otherwise. For instance, one quarter of them is under 25 while another is over 55. As for the "Older women in higher-income households with limited work experience" (Group 6), factors that may discourage fuller labour-market participation of Group 4 include the availability of substantial other income sources in their households. This is also in line with a large share (40%) reporting "preferences" as the main reason for not working full-time. In these cases, the availability of "casual jobs" strengthens labour-market attachment but it may not necessarily act as a stepping stone towards "standard" employment and reduced dependence on support from other family members.
│ 25 Annex A. Additional tables Note: Members of groups B1 to B4 are those with weak labour market attachment, where "weak" is measured in terms of months of work during the reference period. The dependent variable is equal to one for those who are persistently out of work during the reference period and zero for those who have some positive labour market attachment. Higher values of the mental health index denote a better mental health. Higher values of the job opportunity index denote less job opportunities. Earnings replacements are measured in terms of potential earnings. Non-labour income is defined as a percentage of the median income in the reference population. See Table 2 .2 for further details on the independent variables. Source: Authors' calculations based on HILDA 2014. 
Latent class analysis
Latent Class Analysis does not automatically provide an estimate of the optimal number of latent classes. Models with different number of classes are estimated sequentially and the optimal model is chosen based on a series of statistical criteria. The model selection process starts with the definition of a standard latent-class model that is repeatedly estimated for an increasing number of latent classes (Step 1). 22 The choice of the optimal number of classes is primarily based on goodness-of-fit and error-classification statistics (Step 2, see also Figure B.1), and then on the analysis of potential misspecification issues (Step 3). Fernandez et al. (2016) describes these steps in detail and provides guidelines for practitioners interested in adapting the approach to specific analytical needs or data. (Schwarz, 1978) ) 23 for increasing numbers of latent groups, whereas the black line shows, for the same groups, the classification error statistics . 24 In general, a smaller value of the BIC indicates a more optimal balance between model fit and parsimony, whereas a smaller value of the classification error statistics means that individuals are wellclassified into one (and only one) group. In Figure 6 the BIC is minimised for a model with 10 classes and the classification error of 15% indicates that the model provides a good representation of the heterogeneity in the underlying data. show for the 10-class model some residual within-group correlation between 4 pairs of indicators. This indicates that the model violates to some extent the Local Independence Assumption (LIA). 25 Increasing the number of latent classes always reduces the residual dependencies between indicators. For instance, the 15-class model shows no signs of local dependencies, but this comes at the cost of a higher classification error (22%).
Post-estimation tests based on the Bivariate Residuals
.
A standard latent class model means that the likelihood function is derived under the socalled Local Independence Assumption (LIA). See Fernandez et al. (2016) for details.
The BIC summarises into a single index the trade-off between the model's ability to fit the data and the model's parametrisation: a model with a higher number of latent classes always provide a better fitting of the underlying data but at the cost of complicating the model's structure.
The classification error shows how-well the model is able to classify individuals into specific groups. To understand the meaning of the classification error index it is important to keep in mind that LCA does not assign individuals to specific classes but, instead, estimates probabilities of class membership. One has therefore two options to analyses the results: allocate individuals into a given group based on the highest probability of class-membership (modal assignment) or weighting each person with the related class-membership probability in the analysis of each class (proportional assignment). The classification error statistics is based on the share of individuals that are miss-classified according to the modal assignment.
The LIA shapes the algebraic specification of the model and, in practice, requires the indicators to be pairwise independent within latent groups. Bivariate residuals are Pearson chi-squared tests comparing the observed associations between pairs of indicators with the expected association under the assumption of local independence; large differences between estimated and observed associations signal violations of the LIA. Following Fernandez et al. (2016) and , the residual dependencies between indicators is addressed with the so-called direct effects; these are adhoc terms that enter the specification of the likelihood function to model explicitly the joint probabilities of pairs of indicators conditional on group membership. The inclusion of direct effects eliminates any residual correlation between the relevant pair of indicators but it also requires repeating the model selection process, as the new baseline model with local dependencies may lead to a different optimal number of classes. For the new baseline model with direct effects the BIC points to a 7-class model with a classification error of 12%. This specification represents therefore the favourite solution used in this report. 26 
Age and gender define labour market segments that are worth including in the latent class model to account for differences between and within latent groups. Fernandez et al. (2016) discuss three possibilities for including additional variables in the model's specification. In HILDA 2014 the favoured specification in terms of lower classification error, interpretation of the clustering results and specification tests includes age and gender as "active" covariates (Vermunt J. , 2010) . Figure 6 is based on a model that already includes information on age (3 categories: 18-29, 30-54, 55-64) and gender.
